ABSTRACT: The current study investigates whether texture features extracted from lesion kinetics feature maps can be used for breast cancer diagnosis. Fifty five women with 57 breast lesions (27 benign, 30 malignant) were subjected to dynamic contrast-enhanced magnetic resonance imaging (DCE-MRI) on 1.5T system. A linear-slope model was fitted pixel-wise to a representative lesion slice time series and fitted parameters were used to create three kinetic maps (wash out, time to peak enhancement and peak enhancement). 28 grey level co-occurrence matrices features were extracted from each lesion kinetic map. The ability of texture features per map in discriminating malignant from benign lesions was investigated using a Probabilistic Neural Network classifier. Additional classification was performed by combining classification outputs of most discriminating feature subsets from the three maps, via majority voting. The combined scheme outperformed classification based on individual maps achieving area under Receiver Operating Characteristics curve 0.960 ± 0.029. Results suggest that heterogeneity of breast lesion kinetics, as quantified by texture analysis, may contribute to computer assisted tissue characterization in DCE-MRI.
Introduction
Dynamic Contrast-Enhanced Magnetic Resonance Imaging (DCE-MRI) is a significant complement to mammography, characterized by high sensitivity in detecting breast cancer. However, its specificity in distinguishing malignant from benign lesions is highly varied, mainly due to lack of standardized criteria in the selection of image acquisition protocols and in interpretation schemes [1] . Furthermore, the interpretation of lesion kinetics provided by a subjectively selected region of interest (ROI), is characterized by increased intra and inter-observer variability [2] .
Pixel-based analysis of lesion kinetics has been proposed for increasing specificity and standardization of breast DCE-MRI [3] [4] [5] [6] . This approach provides visualization (usually via colorcoded maps) of contrast uptake heterogeneity which is diagnostically important [7] . Texture analysis has been previously applied on postcontrast images for quantifying induced heterogeneity and discriminate malignant from benign breast lesions demonstrating promising results [8] [9] [10] .
The current study investigates whether heterogeneity of lesions with respect to peak enhancement, time-to-peak enhancement and wash out rate can discriminate malignant from benign breast masses. For this purpose, texture features are extracted from lesion kinetics maps and their ability in distinguishing malignant from benign lesions in investigated using a Probabilistic Neural Network (PNN) classifier. Classification performance is evaluated by means of Receiver Operating Characteristics (ROC) analysis [11] .
Methods and materials

Case sample
The case sample consists of 57 histologically verified breast lesions (30 malignant and 27 benign) originating from 55 women with mammographically and/or palpable detected findings. Women were subjected to MR imaging with a 1.5T system (Magnetom Vision; Siemens, Erlangen, Germany) and a bilateral dedicated phased-array breast coil, with the patient in a prone position. A Coronal 3D T1-weighted spoiled gradient echo sequence (TR 8.1 ms, TE 4 ms, flip angle 20•, matrix 128 × 256, FOV 320 mm, in-plane resolution 1.25 × 1.25 mm 2 , section thickness 160 mm, number of slices 64, acquisition time 1 min) was acquired before and five times after intravenous administration of (0.2 mmol/kg), of gadopentetate dimeglumine (Magnevist) followed by a 10 ml saline solution flush.
Lesion kinetics feature maps
A pixel-mapping method for visualizing contrast uptake in DCE-MRI data [6] was employed for creating lesion kinetics maps. For each lesion, the most representative slice was selected by an experienced radiologist. From the corresponding time series, contrast kinetic curves were calculated pixel-wise and subsequently fitted with a linear-slope model. From each modeled curve three parameters were calculated: washout rate, time to peak enhancement and peak enhancement, yielding 3 kinetic maps. Each map was treated as a grey scale image and subsequently used as basis for texture analysis.
In order to delineate the lesion boundary, an HSV color coding was performed. Hue, Saturation and Value coordinates were defined by the washout rate, the time to peak enhancement and the peak enhancement parameters, respectively [6] .
Lesion delineation was achieved by initially selecting a ROI containing the lesion on the colorcoded image ( figure 1(a) ). A thresholding algorithm [12] was subsequently applied on the gradient of the color-coded ROI followed by morphological operations (dilation and erosion) to isolate the lesion area from background. Figure 1(b) depicts the boundary of the segmented lesion on the color-gradient ROI.
The segmented area was subsequently used to define the corresponding lesion area on each kinetic feature map, to be further analyzed. Figure 2 depicts corresponding lesion area on the wash out map (a), the time-to-peak enhancement map (b) and the peak enhancement map (c).
Texture analysis
Grey Level Co-occurrence Matrices (GLCM) features were extracted from the lesion area of each kinetic map. The GLCM is a well-established robust statistical tool for extracting second order texture information from images [13] . The GLCM characterizes the spatial distribution of gray 
Classification
A PNN was used for the classification of malignant from benign breast masses [14] . The discriminant function for class j was given by:
where p is the dimensionality (number of features) of the input pattern, sigma (σ ) is a smoothing parameter ranging from 0 to 1, x i is the ith training input pattern, x is the unknown pattern to be classified and N j is the number of patterns forming the class j. The Decision function for classification is given by:
where g M (x) is the discriminant function for class M (Malignant) and g B (x) is the discriminant function for class B (Benign). If Decision is greater than zero, the unknown pattern x is assigned to class M; otherwise the unknown pattern is assigned to class B.
For each map, texture features demonstrating statistically significant differences (p < 0.05, student's t-test) between malignant and benign cases were used as inputs to the classifier. An optimum combination of features was then selected per map, with respect to overall accuracy achieved, employing an exhaustive search procedure. The training and testing of the classifier, was performed using the leave-one-out methodology.
Classification outputs of the most discriminating texture feature set per map were combined using a majority voting rule.
The performance of the classifier for each kinetic map and for the combined classification scheme was evaluated by means of ROC analysis. The ROCKIT program (Metz CE, University of Chicago, IL) was used for generation of ROC curves, calculation of area under the estimated ROC curve (A z ) and Standard Error (SE). Differences in A z values were statistically analyzed using area test (z-score). 3 Results and discussion Table 1 provides the optimum combination of texture features per kinetic map, selected with respect to highest overall accuracy. As observed, features included in each optimum combination are differentiated with respect to kinetic map. Figure 3 provides results of performance evaluation for classification based on individual maps and on the combined scheme, by means of ROC curves with corresponding values of A z ±SE indexes. The combined scheme performed better and statistically significant (p < 0.05) as compared to individual maps classification. As observed, the combined scheme achieves a specificity of 85% at 95% sensitivity level. Classification based on texture features extracted from individual maps demonstrated equal performance (p > 0.05).
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The heterogeneity/morphology of the peak enhancement pattern is diagnostically important and one of the criteria assessed in clinical practice. Results of the current study suggest that morphology of time-to-peak and wash out pattern are also diagnostically important, while combining information from the three patterns can significantly improve differentiation of malignant from benign masses.
Conclusions
In this study, parametric maps were used to visualize the heterogeneity of lesions with respect to peak enhancement, time-to-peak enhancement and wash out rate. Heterogeneity was quantified by means of texture feature combinations that were further capable of differentiating efficiently malignant from benign masses. Results suggested that the proposed method may contribute to computer-assisted diagnosis of breast lesions in DCE-MRI. Improvement of the method should include investigation of 3D texture features and testing on larger dataset. Investigating the correlation of the extracted texture features with pathoanatomical factors could provide insights into the mechanism of tumor angiogenesis and increase the diagnostic ability of breast DCE-MRI.
